One of the biggest challenges that Higher Education Institutions (HEI) faces is to improve the quality of their educational processes. Thus, it is crucial for the administration of the institutions to set new strategies and plans for a better management of the current processes. Furthermore, the managerial decision is becoming more difficult as the complexity of educational entities increase. The purpose of this study is to suggest a way to support the administration of a HEI by providing new knowledge related to the educational processes using data mining techniques. This knowledge can be extracted among other from educational data that derive from the evaluation processes that each department of a HEI conducts. These data can be found in educational databases, in students' questionnaires or in faculty members' records. This paper presents the capabilities of data mining in the context of a Higher Education Institute and tries to discover new explicit knowledge by applying data mining techniques to educational data of Technological Educational Institute of Athens. The data used for this study come from students' questionnaires distributed in the classes within the evaluation process of each department of the Institute.
Introduction
Nowadays, where knowledge and quality are considered as critical factors in the global economy, Higher Education Institutes (HEI) as knowledge centers and human resource developers play a crucial role. Thus, it is important to ensure the quality of the educational processes and to identify the means by which they can be validated and improved in order to provide quality education to students. Quality education is one of the key responsibilities of any University/ HEI to its stakeholders denoting not only the requirement for production of high level of knowledge, but also the need for efficient provision of education so that students achieve their learning objectives without any problem (S. Kumar Yadav, J. P. Nagar, 2012) . One way to enhance the quality of educational processes is by improving the decision-making procedures on the various processes by providing the administration of an educational institute with useful knowledge, which is currently unknown to the decision makers. This knowledge can be discovered from data that reside in various databases of the organisation or in evaluation forms that collect data for evaluating related quality criteria (course assessment, lecturer assessment, student assessment, etc.) and can be extracted through data mining technology. The new research field concerned with methods for exploring the unique types of data that come from educational settings and their use to better understand learners and the settings, which they learn in is called Educational Data Mining (EDM International Educational Data Mining Society) . Educational Data Mining is considered as one of the most appropriate technology in providing new knowledge about the behavior of lecturer, student, alumni, manager, and other educational staff and acting as an active automated assistant in helping them to make better decisions on their educational activities (N. Delavari, Alaa M. El-Halees, Dr. M. Reza Beikzadeh 2005) .
In this paper our aim is to demonstrate the capability of data mining in improving the quality in education by supporting the administration of educational institutions in the decision-making process and in identifying more enhanced policies for educational practices. In addition to that, a main objective of this paper is to conduct some experiments in applying data mining techniques like clustering analysis, correlation analysis and association rules on the educational data of the Technological Educational Institute of Athens (TEIA) collected through the evaluation process of its academic units as well as to present the results and some conclusions.
The rest of the paper is organized as follows: In Section 2, we quote related work in the field of educational data mining and describe the capabilities it has as well as the factors that we claim as success factors of its application. In Section 3, we describe the application of data mining techniques in TEI of Athens and present the results of the experiments conducted. Finally, in Section 4, we conclude this paper and give an outlook of future work.
Using Data Mining in Higher Education Institutes
In this section we deal in more detail with the application of data mining technology in Higher Education Institutions. First, we present related work that has been conducted in this area. Subsequently we focus on the outcomes that derive from the application of data mining techniques on educational data and how can a HEI be supported in improving the quality of its educational processes.
Related work
Despite the fact that using data mining in HEIs is a recent research area, a considerable amount of work has been conducted during the last years. Romero and Ventura (2007) have conducted a survey for the years between 1995 and 2005, where they present a review of di erent types of educational systems and how data mining can be applied to each of them. In addition, they describe the data mining techniques that have been applied to educational systems grouping them by task. Al-Radaideh et al. (2006) applied decision tree as classification method to evaluate student data in order to find which attributes affect their performance in a course. Mohammed M. Abu Tair & Alaa M. El-Halees (2012) use educational data mining to discover knowledge that may affect the students' performance and Baradwaj and Pal (2011) applied the decision tree as a classification method for evaluating students' performance. Furthermore, in Karel Dejaeger et al. (2011) investigated the construction of data mining models to identify the main attributes of students satisfaction and to support the management in the decision making process while Dursun Delen (2010) examines the institution-specific nature of the attrition problem through models developed by educational data using machine learning techniques.
Benefits and Success Factor of EDM
As mentioned, Higher Education Institutions face the challenge of providing efficient, effective and qualitative learning experiences to their students. In addition, there is a large amount of educational data about students, alumni, courses, academic staff, etc. that is "hidden" in various databases and files of an institution. These data can be proved as a strategic resource for the institutions in order to enhance the quality of their educational processes. This can be achieved by using various data mining techniques on data stemming from the educational activity i.e. by extracting useful knowledge that will support the administration of each institution in making the appropriate decision for improving the quality of the educational processes.
There are a lot of data mining techniques that can be applied on educational data and each of them can provide useful outcomes and results that assist in addressing many issues and problems in the educational domain. Data mining tasks such as clustering can reveal comprehensive characteristics of students, while prediction (classification and regression) and relationship mining (association, correlation, sequential mining) can help the university to formulate policies and initiatives for decreasing student's drop-out rate or increasing student retention rate, success and learning outcome achievement. It could help in providing more personalized education, maximize educational system efficiency, and reduce the cost of education processes (Y. Zhang, S. Oussena, T. Clark, H. Kim 2010).
An important factor for the success of the application of DM in higher education is the existence of an appropriate infrastructure that supports the institution in finding and collecting all educational data in a centralized system. This system could be a Quality Assurance Information System, which monitors, analyses and reports all factors related to assessing and improving the quality of services provided by the institution. In our case, the Quality Assurance Unit of TEIA has recently developed such a system (M. Chalaris, An Tsolakidis, C. Sgouropoulou, I. Chalaris. 2011 ) that supports all departments of the institution in the evaluation process and, eventually, in improving the educational processes by the application of data mining techniques on the educational data stored in its repositories.
Beside the importance of an appropriate infrastructure, it is essential for the efficient application of EDM in Higher Education to use an analysis model as a roadmap for the institution in order to identify which part of the educational processes can be improved through data mining and how to achieve each strategic goal. Our intention is to propose such a model in further work. In the context of the current research we conducted some experiments using a number of data mining techniques on the educational data of the TEIA in order to extract some outcomes that provide a first knowledge about indicators of the educational process or to examine the student behavior concerning their performance in each Faculty of the institution.
Application of data mining techniques in TEI of Athens
In this section, we describe the experiments conducted on the educational data of TEIA and present the results. More specifically, the experiments have been conducted with data collected by the Quality Assurance Unit of TEIA (MODIP TEIA) for the evaluation process of all departments of the institution for the spring semester of the academic year 2011 -2012. In specific, unsupervised learning techniques such as clustering and association discovery were applied to data collected from questionnaires which are delivered to student between the 8 th and 10 th week of courses. For the application of the data mining techniques the Rapid Miner software is used, which is the world-leading open-source system for data mining.
The methodology that is used is based on CRISP-DM methodology-the CRoss Industry Standard Process for Data Mining, a very common methodology used by data miners. The process consists of six steps or phases, as illustrated in Figure 1 (Dr. M. North, 2012) . The first step in CRISP-DM is Business (Organizational) Understanding. This step focuses on understanding the project objectives and requirements from a business or organisational perspective. Next step is Data Understanding where initial data is collected, data quality problems are identified and/or interesting subsets to form hypotheses for hidden information are detected. The 3rd step is Data Preparation. In this phase all necessary tasks like data cleaning, data transformation and data selection are performed in order to construct the final dataset. Next we have the Modeling step where various modeling techniques are selected and applied. Modeling is followed by the Evaluation step, which determines how valuable the model is, and if it achieves the business objectives set. Final step is Deployment, which specifies the actions that should be carried out in order to use the developed models.
Business (Organizational) Understanding
Based on the 1 st step of CRISP-DM methodology, we set as ultimate goal of TEIA, concerning the application of data mining techniques on its educational data, the quality improvement of the educational processes. Such a goal is very ambitious and cannot be fully achieved through the current work since it requires more tasks to be carried out in future work. In the context of this paper, the main objective is to conduct some experiments on institutional evaluation data using data mining techniques and derive knowledge that will be proved useful for the administration of the institution.
Data Understanding
The 2 nd step, data understanding, is concerned with the collection of experimental data and the identification of interesting datasets. In our case the educational data come from student questionnaires that have been completed for evaluation purposes during the spring semester of the academic year 2011 -2012 for the courses of all Departments and Faculties of TEIA. . There are two categories of questionnaires delivered, one for theoretical courses and one for laboratory practice. The questionnaire for theoretical courses contains 35 questions (attributes) and is organized in three sections-directions: course-centered items (e.g. is the course well structured? Is the main theme evident? Were the learning goals of the course clear?), instructor and teaching effectiveness (e.g. how s/he explains the content of the course? How open s/he is towards constructive criticism and suggestions?) and studentcentered items (e.g. how often you attend the course? How much do you understand the concepts being taught?). The questionnaire for laboratory practice courses contains 22 questions (attributes) and is also organised in three sections-directions. The two are the same as in the theoretical course questionnaire, instructor/teaching effectiveness and student-centered items while the third one concerns laboratory work (e.g. Were notes/instructions provided?, Is the lab equipment sufficient?). The students make their evaluation using the typical five-level Likert scale; some questions are in yes/no format. It is important to mention that the Cronbach's Alpha value for the two questionnaires is very high, which proves their reliability.
It should be noted that in the described evaluation process all Faculties (five in total) and most Departments (27 of 33) of the institution participated. The total number of questionnaires filled out by the students of the TEI of Athens is approximately 10,000 for the theoretical courses and 16,000 for laboratory practice. 
Data Preparation
In Data Preparation we constructed our final dataset that was used as input for the analysis phase. Recall that for all data mining disciplines, RapidMiner was incorporated. So, we gathered all data from all Departments and Faculties in one dataset, and after data integration we made the data cleansing. Highly incomplete records (a record corresponds to an entire questionnaire) the record was deleted from the dataset. In cases of few missing values these were replaced with the average of the rest of answers of the specific attribute. Finally, depending on the datamining goal and technique, various attributes were selected in order to conduct the experiments and, thus, proceed to the modeling phase.
Modeling and Evaluation
As a first modeling technique we used cluster analysis conducted on the data derived from the theoretical courses questionnaire. We used the k-means algorithm, in order to find out if there is a faculty that has better averages in the attributes of the questionnaire concerning all three directions and compare it with the percentage of study duration for each Faculty (depicted in Table 1 ) (M. Chalaris, I. Chalaris, Ch. Skourlas, An. Tsolakidis, 2012). As number of clusters we chose k=3. For determining the optimal number of clusters we used Ward's algorithm, which is also used and proposed in P. Belsis, A. Koutoumanos, C. Sgouropoulou (2013) . Concerning the distance measure, we used the Squared Euclidean Distance. As it is shown in Table 1 students from the Faculty of Health and Caring Professions graduate between 4 and 5 years of study in a percentage of 68,3% which is by far the best comparing it with the other Faculties. In this cluster analysis we decided not to include the Faculty of Fine Arts and Design and the Faculty of Food Technology and Nutrition since they had much less answers than the other three Faculties. The result of this cluster analysis (see Figure 2 ) confirms and explains why the percentage of graduates in the Faculty of Health and Caring Professions is by far the highest.
Specifically, we created three clusters for the students of the three Faculties of TEIA where cluster_2 includes 3516 items (answers), cluster_1 3586 items and cluster_0 1309 items. Cluster_2 is the cluster that has the highest averages in all attributes concerning the course, the lecturer and teaching effectiveness and the characteristics of the students. As we can see, this cluster contains mostly (47,8%) students of the Faculty of Health and Caring Professions ,which explains why they graduate earlier. Our next objective was to examine if the student concepts understanding (q28_student_understanding in theory questionnaire) interacts with other attributes since we claim that this attribute is an important indicator as outcome of the educational process. For this reason, we used correlation analysis, which is the appropriate technique for identifying trends in a data set. Figure 3 presents the correlation matrix, where we have the correlation coefficients between the attributes used in this experiment. As we can see the attribute q28_student_understanding has some positive correlation with attributes concerning the teacher effectiveness, such as teacher transmissibility or teacher interest, while there is no relationship with attributes that count the student attendance and study time and a small relationship with attributes of the course section. In addition, we extracted some association rules using the FP-Growth algorithm with focus on the student understanding (q17_student_understanding) of the laboratory practice courses. The most significant ones denote (Figure 4 ) that the student understanding relates, with a higher than 80% confidence threshold, to the teacher transmissibility as well as to the lab facilities and the lab facilities in ratio with the number of students attending the course. These rules express how important the laboratory facilities and teacher transmissibility are to students in order to achieve the learning outcomes of a course. The next experiment concerned a cluster analysis on the laboratory questionnaire data in order to examine how students in the three Faculties (SEYP, SDO, STEF) assess the facilities of the labs per se as well as the facilities with regard to the number of attending students (q13_lab_facilities and q14_lab facilities_vs_students). As seen in Figure 5 , there is a balance between the three Faculties concerning cluster_1, which has the highest averages in these attributes (STEF 0.318, SDO 0.334, and SEYP 0.347) . But in the other two clusters and especially in cluster_0, which is the cluster with the lowest averages, the Faculty of Health and Caring Professions (SEYP) has by far the largest proportion (64, 2%). 
Deployment
What we have learned through the investigations on our educational data is firstly that student understanding, which is a very important outcome of the educational process, relates mainly with the instructor and teaching effectiveness especially in the theoretical courses, while in the laboratory practice courses, lab facilities are considered as a premise for the achievement of learning objectives. Based on this conclusion, HEI administration may invest on the organisation of seminars for the academic staff in order to improve the instructional methods they use in their courses and thus enhance their teaching effectiveness. Concerning the laboratory practice courses, emphasis should also be put on how to improve the lab facilities and reduce the student -equipment ratio.
Another result we extracted through the conducted data mining analysis was the fact that students of the Faculty of Health and Caring Professions (SEYP) are more consistent in their studies (attendance, studying, and understanding) than those of the other Faculties, which also confirms the highest percentages of normal student graduation for SEYP (between 4-5 years). On the other hand, SEYP has the biggest problem concerning the quality and the quantity of the lab facilities. This means that for the improvement of the quality of educational processes in TEIA, the administration of the institution should make decisions focusing on the improvement of the lab facilities in SEYP, while in the other Faculties the focus should be mainly on the educational process such as the organisation of the courses, the teaching effectiveness and student understanding.
Conclusion and future work
In this paper, we discussed how the use of data mining techniques on educational data can be proved a useful strategic tool for the administration of HEIs addressing the very difficult and crucial challenge of improving the quality of educational processes. Informed decisions can be made based on knowledge previously unknown and hidden inside the institutional resources. On this basis, decisions can be proved more accurate and correct for the benefit of all stakeholders involved in the educational setting. Furthermore, we presented the results of experiments conducted on educational data of TEI of Athens, as a first step of the application of data mining technology in the institution.
In our future work we aspire to present an integrated approach of applying data mining techniques in HEIs. More specifically, our research plans include the identification of all processes involved in providing education in a HEI, the definition of indicators that determine their quality as well as the proposal of an Analysis Model as a framework for the application of data mining on the educational data of HEIs. Subsequently, we will target the development of a strategic tool for supporting the decision making process for enhancing the quality of educational activities and practices in HEIs.
